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ABSTRACT 12 
 13 
Mineral solids precipitation is important in wastewater treatment.  However approaches to 14 
minerals precipitation modelling are varied, often empirical, and mostly focused on single 15 
precipitate classes. A common approach, applicable to multi-species precipitates, is needed to 16 
integrate into existing wastewater treatment models. The present study systematically tested a 17 
semi-mechanistic modelling approach, using various experimental platforms with multiple 18 
minerals precipitation. Experiments included dynamic titration with addition of sodium 19 
hydroxide to synthetic wastewater, and aeration to progressively increase pH and induce 20 
precipitation in real piggery digestate and sewage sludge digestate. The model approach 21 
consisted of an equilibrium part for aqueous phase reactions and a kinetic part for minerals 22 
precipitation. The model was fitted to dissolved calcium, magnesium, total inorganic carbon 23 
and phosphate. Results indicated that precipitation was dominated by the mineral struvite, 24 
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forming together with varied and minor amounts of calcium phosphate and calcium 25 
carbonate. The model approach was noted to have the advantage of requiring a minimal 26 
number of fitted parameters, so the model was readily identifiable. Kinetic rate coefficients, 27 
which were statistically fitted, were generally in the range 0.35-11.6 h-1 with confidence 28 
intervals of 10-80% relative. Confidence regions for the kinetic rate coefficients were often 29 
asymmetric with model-data residuals increasing more gradually with larger coefficient 30 
values. This suggests that a large kinetic coefficient could be used when actual measured data 31 
is lacking for a particular precipitant-matrix combination. Correlation between the kinetic rate 32 
coefficients of different minerals was low, indicating that parameter values for individual 33 
minerals could be independently fitted (keeping all other model parameters constant). 34 
Implementation was therefore relatively flexible, and would be readily expandable to include 35 
other minerals. 36 
 37 
Keywords: Physico-chemical modelling, precipitation, struvite, kinetics, equilibrium, 38 
parameter estimation 39 
 40 
1. Introduction 41 
 42 
Modelling of physico-chemical processes in wastewater treatment systems has received 43 
substantial attention in recent years, due to the increased use of minerals precipitation, and the 44 
interest to better understand, manipulate and optimize minerals precipitation performance via 45 
mathematical modelling (Batstone et al. 2006, Batstone et al. 2012). Minerals precipitation 46 
heavily interacts with other physico-chemical reactions (Stumm and Morgan 1996, Morel and 47 
Hering 1993) and influences wastewater composition dynamically by sequestering solubles 48 
(Le Corre et al. 2009). In addition, minerals precipitation causes inorganic scale formation 49 
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which is a well-known maintenance problem (Doyle and Parsons 2002) and can negatively 50 
impact on biological processes occurring in wastewater treatment, such as in anaerobic sludge 51 
blanket reactors treating pulp and paper wastewater (van Langerak et al. 2000, Batstone and 52 
Keller 2003). In contrast, precipitation can also have positive impacts in wastewater 53 
treatment, for example sulphide precipitation which limits the toxicant dissolved sulphide in 54 
anaerobic digesters (Chen et al. 2008) or with nutrient recovery (Mehta and Batstone 2013). 55 
Unfortunately, the description of multiple minerals precipitation in current industry-wide 56 
process simulation models (such as ASM2d and ADM1, Henze et al. 2000, Batstone et al. 57 
2002) is empirical, incomplete or inadequate (Henze et al. 2000, Batstone 2006). This is at 58 
least partly due to a general focus on biology, but also due to a lack of robust (numerically 59 
stable) approaches to model pH, soluble ion pairing and minerals precipitation together with 60 
biological processes (Batstone et al. 2012).  61 
A large number of potential precipitants can form during wastewater treatment. Key 62 
precipitating species in wastewater treatment include carbonates and phosphates of calcium 63 
and magnesium (Musvoto et al. 2000, van Rensburg et al. 2003, Barat et al. 2011). Some of 64 
the minerals are also capable of forming a variety of different minerals, including amorphous 65 
and crystal polymorphs (Kralj et al. 1997, Meyer and Weatherall 1982, Brečević and Nielsen 66 
1989). This is consistent with the Ostwald rule of stages, which stipulates that the formation 67 
of a more stable phase can be preceded by the preferential formation of one or more 68 
thermodynamically less stable precursor phases (Mullin 2001). A multi-sequential-step 69 
approach has been previously used for modelling of minerals precipitation (Barat et al. 2011, 70 
Kralj et al. 1997), whereby the rate kinetics of one more stable mineral is assumed to be 71 
dependent on the concentration of another less stable precursor mineral. This modelling 72 
approach can substantially add complexity to a wastewater model due to inclusion of a multi-73 
step process. A simpler approach (which is advocated in the present study) is parallel 74 
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precipitation modelling where minerals are assumed to form simultaneously and 75 
independently, competing for the same pool of participating ions in the aqueous phase  76 
(Musvoto et al. 2000, Ekama et al. 2006). In this case, a faster forming less 77 
thermodynamically stable mineral could re-dissolve to supply ions to a slower forming more 78 
thermodynamically stable mineral. The parallel modelling approach could also quantify the 79 
influence of precipitation rate kinetics on final mineral product mix.  80 
A recent study (Kazadi Mbamba et al. 2015) proposed a precipitation modelling approach 81 
which was tested on calcite precipitating in synthetic aqueous solutions. This applied 82 
equilibrium-constraints for aqueous-phase reactions and a kinetic description for minerals 83 
precipitation with an nth order dependency on thermodynamic supersaturation. Based on 84 
observed evidence, the model also included a 1st order effect of the amount of mineral phase 85 
present in the wastewater (Xcryst). The only contestable parameter (i.e., which required fitting) 86 
was a precipitation rate coefficient, because saturation extent was fully defined by 87 
thermodynamics. The model approach was observed to be more tolerant to a fast precipitation 88 
rate coefficient (Kazadi Mbamba et al. 2015), which implied that a modeller could select an 89 
arbitrarily high kinetic rate coefficient when process data was not available to estimate model 90 
parameters. Thus, the modelling approach of Kazadi Mbamba et al. (2015) could be well-91 
suited to modelling multi-species systems. Each precipitation reaction would only have one 92 
fitted parameter, the kinetic rate coefficient, which could potentially be set arbitrarily high 93 
without needing sophisticated parameter estimation. However, the approach of Kazadi 94 
Mbamba et al. (2015) has not been tested for multi-species systems or real wastewater and 95 
this is the focus of the present study.  96 
Another critical issue is the identification of model parameters. These are often determined 97 
via manual fitting (Musvoto et al. 2000, Ekama et al., 2006), which can be tedious, may be 98 
unreliable and provides little information on parameter correlation and bounds of parameter 99 
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confidence. A systematic approach is instead applied in the present paper to identify model 100 
characteristics with respect to statistically fitted precipitation rate parameters. 101 
 102 
2. Materials and methods  103 
 104 
Experiments were performed to provide robust data that reflected dynamic behaviour and 105 
allowed statistical estimation of kinetic model parameters. The experiments were performed 106 
in batch using dynamic titration or aeration to progressively increase wastewater pH and 107 
induce minerals precipitation. Measurements tracked the change in pH and dissolved calcium, 108 
magnesium, total inorganic carbon, inorganic nitrogen and phosphate, due to minerals 109 
precipitating.  110 
 111 
2.1 Sample materials  112 
 113 
Experiments were carried out using synthetic and real wastewaters which were: 114 
• Synthetic wastewater: synthetic aqueous solutions prepared as described by Kazadi 115 
Mbamba et al. (2015). 116 
• Piggery digestate: effluent from a partially covered anaerobic piggery lagoon at a 117 
piggery near Grantham QLD (see Skerman and Collman (2012) for further details).  118 
• Sewage sludge digestate: anaerobic digester sludge collected from a domestic 119 
wastewater treatment plant in South East Queensland, with combined primary and 120 
secondary sludge digestion.  121 
 122 
The real wastewater samples were kept in sealed containers at ambient temperature to 123 
minimize CO2 stripping and to limit inadvertent precipitation before the experiments. The 124 
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
6 
 
supernatants, which were used in the experiments, were decanted after the wastewater 125 
samples had settled for at least 2 days. All the samples were characterized prior to the 126 
experiments for dissolved major elements using Inductively Coupled Plasma Optical 127 
Emission Spectroscopy (ICP-OES), flow injection analysis (FIA), ion chromatography (IonC) 128 
and total carbon analysis (TCA) (see Analytical techniques).  129 
 130 
2.2 Apparatus 131 
 132 
The dynamic titration experiments used an auto-titrator (T70, Mettler-Toledo, Greifensee, 133 
Switzerland) with a pH sensor (Model DGi115-SC, Mettler-Toledo, Greifensee, Switzerland). 134 
The titration vessel used was a 1 L stirred glass crystallizer. During a titration, the test sample 135 
to which titrant was added was stirred with a 40 mm teflon-coated magnetic bar stirrer at 300 136 
rpm. The volume of each titrant added, the pH and the temperature were recorded over time 137 
through a LabX Light Titration Software interface (Mettler-Toledo, Greifensee, Switzerland).  138 
 139 
The aeration experiments used a crystallizer which was a 1.1 L Pyrex glass vessel and lid 140 
with open ports. The crystallizer, positioned over a magnetic stirrer plate, was stirred with a 141 
40 mm teflon-coated magnetic bar stirrer at 350 rpm. pH change by aeration was monitored 142 
with a pH sensor (Model DGi115-SC, Mettler-Toledo, Greifensee, Switzerland), connected to 143 
the auto-titrator and recorded over time through the LabX Light software. During the aeration 144 
experiment, wastewater was aerated with a flexible polymer fine bubble air diffuser tube 145 
(Liya Aquarium “Air Curtain”). At the beginning of each aeration experiment, the air flow 146 
rate was set to a fixed value with an air flowmeter with a manual fine flow-adjustment valve 147 
(Water Key Instruments, Trevose USA). 148 
 149 
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2.3 Experimental procedures 150 
 151 
Four experiments were performed for model analysis, classified as follows: 152 
• Experiment 1 - Continuous pH titration tests with synthetic wastewater, to test the 153 
competition of various major divalent cations with higher concentration of phosphate, 154 
in the absence of inorganic carbon. The initial pH of a 1 L aliquot of test wastewater 155 
was adjusted to a desired value using concentrated sodium hydroxide (NaOH) or 156 
hydrochloric acid (HCl) solutions, with the amount of added acid or caustic recorded. 157 
A 2M aqueous solution of NaOH (5-10 mL total) was then quantitatively added at a 158 
predetermined fixed rate and pH was continuously measured. 100 mg.L-1 of struvite 159 
crystal seed (prepared as described by Mehta and Batstone 2013) was then added at a 160 
time point in the experiment where the solution was estimated (using equilibrium 161 
predictors) to have transitioned from undersaturated to supersaturated conditions with 162 
respect to struvite.  163 
• Experiment 2 - Aeration experiments with piggery digestate and added phosphate. To 164 
raise the level of phosphate of the piggery digestate, 0.255 g of NaH2PO4 was added 165 
to 1000 mL of piggery digestate (increased to 65.8 mgP/L). This amended piggery 166 
digestate was aerated to strip carbon dioxide (CO2) to raise pH and induce 167 
precipitation. pH values were continuously measured and recorded over a typical test 168 
time of 24 hours. 169 
• Experiment 3 - Aeration experiments on sewage sludge digestate. Similar to 170 
experiment 2, but with the different wastewater and without added phosphate.  171 
• Experiment 4 - Aeration experiments on sewage sludge digestate at different TSS 172 
contents. Similar to experiment 3, but with different native TSS concentrations. 173 
Settled supernatant and unsettled digestate samples were volumetrically mixed to 174 
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achieve target TSS concentrations of 1118 gTSS.m-3, 4002 gTSS.m-3 and 10959 175 
gTSS.m-3. 176 
 177 
All the experiments were carried out at measured room temperature (20 – 25oC). For 178 
chemical analysis in each experiment, 3 mL samples of the titration vessel contents were 179 
collected at specified time intervals, immediately filtered through 0.45 µm cut-off syringe 180 
filters (PES), diluted with deionized water to prevent post-precipitation and stored at 4oC until 181 
analysis by ICP-OES, FIA, IonC and TCA (see directly below). 182 
 183 
2.4 Analytical techniques 184 
 185 
The major elements (Ca, Mg, Na, K) were analysed with ICP-OES (Perkin Elmer Optima 186 
Model 7300DV, Waltham, MA, USA) after nitric acid digestion. Ionic concentrations N-187 
NH4+ and P-PO4-3 were quantified with a Lachat QuickChem flow injection analyser (Lachat 188 
Instruments, Loveland, CO, USA) using standard method 31-107-06-1-A. Total Inorganic 189 
Carbon (TIC) concentrations were quantified using a Total Carbon Analyser (Shimadzu 190 
TOC-L CSH Total Organic Carbon Analyser, Kyoto, Japan). Chloride, sulphide, thiosulfate, 191 
sulphite and sulphate concentrations were measured by IonC using a Dionex ICS-2000 IC 192 
System fitted with an AS50 Autosampler and AD25 Absorbance Detector (Dionex, Sunnyvle, 193 
CA). A RFIC IonPac AS18 column was used with the instrument. The sample was eluted 194 
with a KOH gradient (12 – 52 mM) and absorbance was measured at a wavelength of 230 195 
nm. The IC analyses were performed at 35oC. The pH in all experiments was measured with a 196 
pH sensor (Model DGi115-SC, Mettler-Toledo, Greifensee, Switzerland), and it is especially 197 
noted here that a highly precise and reliable pH sensor is essential for minerals precipitation 198 
studies. Total suspended solids (TSS) were determined as a difference between total solid 199 
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(TS) and total dissolved solid (TDS). TS was measured by evaporating and drying a 200 
wastewater sample at specified temperature (103 to 105 oC). TDS was determined as for TS 201 
but on wastewater samples filtered through 0.45 µm cut-off syringe filters (PES).  202 
 203 
2.5 Physico-chemical model 204 
 205 
The model structure consisted of three parts;  206 
(1) Equilibrium part - An algebraic equation set describing rapid aqueous phase reactions 207 
(weak acid-base and ion complexation), previously fully described by Kazadi Mbamba et 208 
al. (2015) and Solon et al. (2015). 209 
(2) Kinetic part - An ordinary differential equation set describing dynamics for dissolved 210 
components, including dilution, chemical precipitation and dissolution reactions. The 211 
kinetic rate expression for precipitation/dissolution was similar to that used by Kazadi 212 
Mbamba et al. (2015), but in expanded form for multiple minerals.  213 
(3) Gas (CO2 and NH3) stripping was described by specific volumetric mass transfer using 214 
 kinetics. 215 
 216 
The implicit algebraic equation set of the Equilibrium part consisted of a reduced substituted 217 
combination of equilibrium relationships and molar contribution balances (Kazadi Mbamba et 218 
al. 2015). Thermodynamic equilibrium constants were sourced from the Visual MINTEQ 219 
database (Version 3.0, Royal Institute of Technology (KTH)) and were corrected for 220 
temperature using the van’t Hoff equation as described by Kazadi Mbamba et al. (2015).  221 
  222 
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The kinetic part of the model consisted of dynamic state equations for total dissolved species 223 
and each mineral solid state (Xcryst, with units of moles.L-1). The rate expression for minerals 224 
precipitation rate was (Kazadi Mbamba et al. 2015): 225 
                                              	 = 		                                                       (1) 226 
where rcryst is the mineral precipitation rate (moles.L-1.h-1), kcryst is an empirical kinetic rate 227 
coefficient (h-1),  (moles.L-1) is the concentration of precipitate at any time t (a dynamic 228 
state variable),  is the order of the precipitation reaction (equal to 3 for struvite and equal to 229 
2 for other minerals) with respect to supersaturation, , calculated as follows for struvite as an 230 
example (Nielson, 1984): 231 
 = 			× !"×#$!%&"'()*+,-. /
0 12 − 1                                                    (2) 232 
where Z(Mg+2), Z(NH4+)  and Z(PO4-3) are the chemical activities of magnesium, ammonium and 233 
phosphate ions in the aqueous phase and KSP,Struv is the solubility product constant for pure 234 
struvite (10-13.26, (Ohlinger et al., 1998)).  235 
Table 1 presents the individual kinetic rate expressions for various relevant precipitation 236 
reactions. The initial conditions for the particulate mineral states (e.g. Xstruv) were nominally 237 
set at a value of 10-5 Mole.L-1 (Kazadi Mbamba et al. 2015), except in Experiment 1 to which 238 
100mg/L of struvite seed was added, where instead Xstruv was initially set to 10-3 Mole.L-1. 239 
 240 
CO2 gas exchange was modelled by single-film-controlled mass transfer as follows (Batstone 241 
et al. 2002): 242 
56	789 =	 :56	7;<9 −	=>?56	789"                                           (3) 243 
where  (h-1), :56	7;<9 (mole.L-1), => (mole.L-1.atm-1), ?56	789 (atm) are the overall film 244 
mass transfer coefficient, concentration of dissolved carbon dioxide in the liquid bulk phase 245 
at time t (as calculated by the Equilibrium model part), the Henry’s law constant (0.034 246 
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mole.L-1.atm-1) (also corrected for temperature using van’t Hoff) and the partial pressure of 247 
CO2 (0.00032 atm) in air being sparged, respectively. The  value for CO2 stripping was 248 
estimated during dynamic parameter estimation. Ammonia gas exchange (pKa = 9.244, KH = 249 
58 mole.L-1.atm-1) was also considered in the model where relevant, using a rate expression 250 
similar to Equation 3, and recognising that ammonia gas transfer would likely be gas-film 251 
controlled (Batstone et al., 2012).  252 
 253 
2.6 Model implementation 254 
 255 
The combined differential-algebraic equation set was implemented in Matlab C-MEX files, 256 
and solved in MATLAB/SIMULINK (Version 8.1, Mathworks inc) as previously described 257 
elsewhere (Kazadi Mbamba et al. 2015, Solon et al. 2015, Flores-Alsina et al., 2015).  Note 258 
that the model implementation was purposefully prepared to be modular plug-and-play and 259 
compatible with other MATLAB/SIMULINK wastewater process models such as the plant-260 
wide Benchmark Simulation Model no. 2 (BSM2) (Gernaey et al. 2014). 261 
 262 
2.7. Parameter estimation  263 
 264 
Optimum values of kinetic coefficients kcryst and kLa (Equations 1 and 3) were estimated by 265 
separately fitting the dataset from each experiment, using a non-linear local optimization 266 
technique, lsqcurvefit, in MATLAB with the default 'trust-region-reflective' algorithm 267 
(Optimization Toolbox User’s Guide Release 2014b, The MathWorks, Inc., Natick, 268 
Massachusetts, United States). Soluble concentrations of calcium, magnesium, phosphate and 269 
total inorganic carbon were all selected and used as the fitted output being simultaneously 270 
optimised. Residual sum of squares (RSS) was used as objective function (J=RSS=Σ(y-@A)2), 271 
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where J is the objective function, RSS is the residual sum of squares, y is the experimentally 272 
measured output and @A is the simulated output. Linear estimates of confidence intervals were 273 
represented either by parameter standard error (from the Fisher information matrix), or non-274 
linear confidence regions based on an F-test in J as follows (Lobry et al. 1991): 275 
BC	 = BDE	 1 + GHI;J;KG"L7M.OP,R,HI;J;KG9                                        (4) 276 
where Jcrit defines the limit of model validity, Jopt is the optimum objective function value, p 277 
is the number of fitted parameters (2 or 3, see Results), Ndata is the number of experimental 278 
data points and F0.95,p,ndata-p is the cumulative F distribution value (computed with finv 279 
function in MATLAB). Parameter surfaces corresponding to Jcrit were found using a gradient 280 
search method as previously described elsewhere (Batstone et al. 2003). 281 
 282 
2.8. Identifying minerals that precipitate  283 
 284 
Methods to identify precipitating species have included prior knowledge and process 285 
understanding (Musvoto et al. 2000, Ekama et al. 2006) or equilibrium predictors (Antony et 286 
al. 2011) (Barat et al. 2011, Huber et al. 2012, Joss et al. 2011). In the present study, an 287 
additional approach was also applied using kinetic parameter confidence for various minerals 288 
in a kinetic model description. Via this statistical approach, the formation of a mineral was 289 
deemed to be significant, if the kinetic parameter for that mineral was found to be significant 290 
(that is, the lower bound of the 95% confidence interval of the parameter should not be zero 291 
or negative). This approach is recognised as another approach which could be used alongside 292 
prior knowledge and equilibrium predictors.  293 
 294 
3. Results  295 
 296 
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3.1 Precipitating minerals 297 
 298 
Table 2 gives the measured compositions of the 3 wastewater samples (synthetic wastewater, 299 
sludge digestate and piggery digestate). The synthetic wastewater contained magnesium 300 
(Mg), calcium (Ca), phosphate (PO4) and inorganic nitrogen (the relevant form being 301 
ammonium, NH4+) which could precipitate as struvite (MgNH4PO4.6H2O) (Doyle et al. 302 
2000), dicalcium phosphate dihydrate (DCPD, CaHPO4.2H2O), amorphous calcium 303 
phosphate (ACP, Ca3PO4) and octacalcium phosphate (OCP, Ca4H(PO4)3.2.5H2O) (van 304 
Kemenade and de Bruyn 1987). The sludge digestate and piggery digestate also contained a 305 
considerable amount of Ca, Mg, NH4+ and carbonate (CO3-2), but PO4 was low in piggery 306 
digestate and had to be added to provide realistic conditions for precipitation. According to 307 
the relevant literature, the sludge digestate and the phosphate-spiked piggery digestate could 308 
support the precipitation of struvite, magnesium phosphate (Abbona et al. 1982), calcium 309 
carbonate (CaCO3) (Nancollas and Reddy 1971) and calcium phosphate (van Kemenade and 310 
de Bruyn 1987).   311 
 312 
3.1.1. Experiment 1: synthetic wastewater with titration 313 
An increase in pH (Fig. 1A) led to formation of precipitates, with a corresponding decrease in 314 
soluble phosphate (Fig. 1B) and calcium (Fig. 1E). This is related to formation of a calcium 315 
phosphate mineral (the model suggested DCPD), which became supersaturated and 316 
precipitated around 1.8 h. As the pH continued to increase with time (for around 3.5 hours), 317 
further decreases in calcium, magnesium, inorganic nitrogen and phosphate was observed, 318 
suggesting that other minerals became supersaturated and precipitated, such as struvite and 319 
OCP (see Figs. 1B, 1C, 1D and 1E). When two or more precipitates formed, competition 320 
between the minerals was well described inherently by the model. In this case, key 321 
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competitive minerals appeared to include struvite and calcium phosphate (model indicated 322 
DCPD and OCP). The competition between these multiple minerals caused the complex 323 
interactions between pH, phosphates, and relevant cations observed in Figs. 1B, 1C, 1D and 324 
1E. Fig. 2 presents a summary of parameter confidence regions for Experiment 1. An analysis 325 
of Fig. 2 shows that the parameter space of the 95% confidence regions for the three 326 
parameters (kStruv on the x-axis, kDCPD, on the y-axis and kOCP on the z-axis) was generally 327 
right-asymmetric, particularly for the fast forming minerals (e.g. Struvite).  328 
 329 
3.1.2 Experiment 2: piggery digestate with aeration 330 
Fig. 3 presents experimental data and model results for the aeration test with piggery 331 
digestate (Experiment 2). In this experiment, the pH was increased by CO2 stripping via 332 
continuous aeration, leading to a decrease in soluble inorganic carbon. Soluble magnesium, 333 
phosphate and inorganic nitrogen also immediately started to decrease when air flow was 334 
started. However, the decrease in soluble calcium was delayed by about 10 hours. This 335 
specifically is described by relatively rapid struvite formation (kStruv =12±10 h-1, Table 3) and 336 
relatively slow calcium carbonate monohydrate (CCM) formation (kCCM=0.36±0.03 h-1, Table 337 
3). Fig. 3G illustrates the joint confidence region of the parameters in Experiment 2. As 338 
shown in the upper-unlimited/unbounded confidence region, any arbitrarily high kcryst value 339 
would have been suitable for struvite (x-axis), while calcium carbonate kinetic coefficient 340 
values were tightly bound (y-axis).  341 
 342 
3.1.3. Experiment 3: sludge digestate with aeration 343 
Fig. 4 presents simulation and experimental results for the aeration experiment with sludge 344 
digestate (Experiment 3). In this experiment, pH increased due to CO2 stripping by aeration. 345 
Measured calcium, magnesium, phosphate and inorganic nitrogen decreased over time (Figs. 346 
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4C-F), probably by the precipitation of struvite and calcium phosphate minerals (model 347 
indicated ACP). The competition with time among minerals was driven by the dynamic of pH 348 
change and availability of calcium, magnesium, phosphate, total inorganic carbon and 349 
inorganic nitrogen. However, in this Experiment 3, ACP (kACP = 3.2±1 h-1, Table 3) was 350 
observed to have similar kinetic rates to struvite (kStruv =4.5±1.3 h-1, Table 3), indicating that 351 
these two minerals were strongly competing. Formation of calcium carbonate (CCM) was 352 
very limited in Experiment 3, such that the kCCM value was not significantly different from 353 
zero (0 - 0.2 h-1).  In such a case, CCM could either be eliminated, or retained in the model 354 
with an arbitrarily low kinetic coefficient, depending on its importance as an output. Fig. 4G 355 
shows kinetic parameter confidence regions for struvite and ACP in Experiment 3. Unlike 356 
Experiment 2, the confidence region here was bounded symmetric, indicating that the model 357 
was slightly more tolerant to higher values of kinetic coefficients for these strongly 358 
competing minerals, but in general, parameter correlation was low, indicating that parameter 359 
values for individual minerals could be independently fitted (keeping all other model 360 
parameters constant).  361 
 362 
3.3 Model prediction capability 363 
 364 
To test the model prediction capability, the fitted parameters from one set of experiments 365 
(Experiments 1-3, parameters in Table 3) were reused to predict dynamics for repeat 366 
experiments, under slightly different conditions. The results, which are presented in the 367 
supplementary material (Figures S1, S2 and S3), showed that parameters would probably be 368 
transferable within wastewaters, with slightly different operating conditions. Prediction of pH 369 
and dynamic state variables was very good and consistent. The only instance of poor 370 
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prediction was over-prediction of TIC in one experiment (See Figure S3), probably due to 371 
differences in CO2 exchange and thus kLa. 372 
 373 
3.2 Influence of TSS on precipitation kinetics 374 
 375 
Further model analysis tested the influence of wastewater total suspended solids on the 376 
precipitation kinetic rate, and sought to justify the use of 	 for multiple minerals 377 
precipitation. For this purpose, Experiment 4 trialled three different native TSS 378 
concentrations. The dataset for Experiment 4 was adequately fitted with a single set of 379 
parameter values, which were (given with linear estimates of confidence) kStruvt = 33.1±13.1 380 
h-1 and kDCPD = 53.1±13.7 h-1 for struvite and DCPD, respectively. Fig. 5 presents the fit 381 
together with the experimental data and shows that the baseline model fit all three 382 
experiments qualitatively well. The final concentrations of Mg, PO4-P and NH4-N in all the 383 
three experiment were within the same range, indicating that struvite formation was 384 
insensitive to TSS. However, calcium did show a discrepancy between the lowest TSS and 385 
the higher two TSS conditions, indicating a variable influence of TSS on calcium minerals 386 
precipitation. 387 
 388 
4 Discussion 389 
 390 
4.1 Significance of parameter ranges 391 
 392 
Based on the results above, minerals can be classed as either rapidly forming (kcryst>5 h-1 – 393 
struvite, ACP), moderately forming (kcryst~>1 h-1 – DCPD, OCP) or slow forming (kcryst<0.5 394 
h-1 – calcium carbonate in real wastewater). In at least one case (Experiment 3), calcium 395 
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carbonate mineral formation was substantially retarded (<0.2 h-1), but in general, minerals 396 
precipitation rates were consistent across all three experiments.  This indicated that kinetic 397 
rate parameters may be transferable across different systems.  Parameters could be 398 
confidence-bounded or unbounded. Where parameters were unbounded, they were observed 399 
to be highly asymmetric and nonlinear (Fig. 3G), with model-data residuals generally 400 
increasing more gradually with larger coefficient values than the identified optimum. These 401 
findings indicated that the model was more tolerant to high values of kinetic rate coefficients 402 
(i.e. fast precipitation kinetics). This is in agreement with other studies (Musvoto et al. 2000, 403 
van Rensburg et al. 2003, Ekama et al. 2006, Kazadi Mbamba et al, 2015) that reported on 404 
dominance and fast precipitation kinetics in wastewater. Further, Kazadi Mbamba et al. 405 
(2015) suggested that when process data was lacking for machine parameter estimation, 406 
arbitrarily high values of precipitation kinetic rate coefficients could be selected to provide 407 
realistic estimates of precipitation rates. However, based on the present results (Experiments 2 408 
and 3), wastewater conditions could retard or slow the formation of some minerals, such as 409 
calcium carbonate monohydrate, for which arbitrarily high kinetic rate coefficients may then 410 
not be suitable. This offers the possibility to class minerals as fast, or slow forming, with fast 411 
forming minerals being given arbitrarily high kinetic parameters (e.g. kcryst=5 h-1), and slow 412 
forming minerals being given order of magnitude low kinetic parameter values (e.g. kcryst=0.1 413 
h-1). Alternatively, depending on the system retention times, a slow forming mineral may be 414 
completely excluded from a model (particularly where the parameter confidence interval 415 
overlaps the zero vector).  The kinetic value of fast minerals may only become important 416 
under specific cases (e.g., with small reactors for dedicated struvite crystallisation).  Finally, 417 
it is important to note that even where minerals shared solutes (DCPD, OCP), parameter 418 
correlation was low (Experiment 1). Accordingly, where multiple minerals are forming, it 419 
could be possible to independently consider individual minerals in the model fit. 420 
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The estimated parameters obtained in the present study were lower than values reported by 421 
other studies (Musvoto et al. 2000, van Rensburg et al. 2003). This difference could be 422 
explained to some extent by differences in model structure and the composition of 423 
wastewaters used. For instance, Musvoto et al. (2000) suggested that kinetic rate coefficients 424 
may not be transferable between different wastewaters and could vary by several orders of 425 
magnitude for wastewaters of markedly different composition. They ascribed these 426 
discrepancies to the presence of dissolved organic matter and inorganic constituents which 427 
could act as inhibitors. In general, a parameter estimation routine could provide confidence in 428 
kinetic parameters in cases where sufficient process data is available for such analyses to be 429 
performed. 430 
 431 
4.2 Model performance 432 
 433 
The proposed model was able to reproduce the dynamics of state variables and provided an 434 
indication of relevant minerals. There were some minor dynamics that were not accounted for 435 
by the model (e.g., around 1.8 hrs in Experiment 1), which could have been caused by 436 
secondary mechanisms such as sorption of magnesium ions onto/into calcium phosphate 437 
precipitates (Ferguson and McCarty 1971). This is seen in Fig. 1C where the concentration of 438 
soluble magnesium decreased with calcium and phosphate before a substantial decrease in 439 
inorganic nitrogen was observed around 3.5 h (Fig. 1D). A sorption process is likely 440 
unnecessarily complex for most conventional wastewater treatment models and is most likely 441 
to cause discrepancies during highly transient conditions (particularly batch) (Kazadi 442 
Mbamba et al, 2015). The formation of other minerals such as dolomite was also explored, 443 
but their inclusion did not significantly improve model performance.  444 
 445 
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The proposed kinetic rate expression with Xcryst and dependency on supersaturation provides a 446 
compact semi-mechanistic description suitable for coupling with biological models, and 447 
places a limit on precipitation rates to handle nucleation induction kinetics. Further, the 448 
combined equilibrium description based on thermodynamics provides a reliable estimate of 449 
saturation extents and does not introduce additional fitted parameters. Other studies (Musvoto 450 
et al., 2000) have applied a kinetic approach for both fast reactions (acid-base systems) and 451 
slow reactions, which works well, but increases the number of dynamic state variables and 452 
can introduce model stiffness (Rosen et al., 2005). A recent study by Lizarralde et al. (2015) 453 
models precipitation kinetics based on constant specific surface area and Monod-style 454 
kinetics in mineral state, instead of the linear dependency on Xcryst used in the present study. 455 
The rate expression of Lizarralde et al. handles nucleation induction kinetics by an additional 456 
monod-style term in supersaturation, rather than the approach of the present study using small 457 
initial values of Xcryst for nucleation induction kinetics (Kazadi Mbamba et al. 2015). Both 458 
approaches may be valid but require considerable future work with experimental validation. 459 
However, in regards to the use of TSS as a lumped reference state for kinetics, the findings 460 
from the present study (particularly for Experiment 4) suggested that native TSS does not 461 
necessarily dictate kinetics. In particular, struvite kinetics in Experiment 4 was largely 462 
insensitive to TSS content, whereas calcium precipitation was influenced to varied extents. 463 
Thus, it is suggested that the use of Xcryst is preferred as a reference state instead of TSS. 464 
Albeit, that in a continuous digester or wastewater process, the net effect may be the same, 465 
because the recycled pool of seed lies as a fraction within TSS.   466 
 467 
4.3 Model applications 468 
 469 
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Multiple mineral precipitation modelling is important to reliably describe major chemical 470 
states in standard models (e.g. ASM series; Henze et al. 2000; ADM 1; Batstone et al. 2012) 471 
in a plant-wide platform (e.g. Benchmark Simulation Model (BSM2); Gernaey et al., 2014). 472 
Particularly, with the recycling of minerals in sludge, phosphorus, sulphur and major metals 473 
are exchanged between wastewater and minerals. Findings from the present study showed 474 
that only a few minerals may need to feature in realistic plant-wide descriptions, although 475 
such may be site or system-specific (Henze et al. 2000). With retention of mineral phases in 476 
sludge lines, a parallel precipitation modelling approach with dependency on mineral state 477 
(Xcryst) is useful (as used in the present study), because mineral states can be approximately 478 
tracked to capture longer-term effects in the plant-wide modelling context. For example, 479 
struvite started to precipitate immediately in Experiments 2 and 3, which showed that the 480 
existing struvite available in the wastewater was sufficient to drive and support precipitation 481 
(no nucleation induction was observed). In addition, Kazadi Mbamba et al (2015) noted that 482 
the approach of including a small arbitrary amount of mineral phase in the initial conditions 483 
of the model, was capable of continuously capturing minerals precipitation driven by either 484 
pre-existing mineral phase (such as struvite in the present study) and/or minerals precipitation 485 
dictated by nucleation induction kinetics. Minerals precipitation modelling is also important 486 
in emerging applications such as nutrient and resource recovery. In such cases, a combined 487 
kinetic-equilibrium precipitation model (Section 2.5) with machine estimation of kinetic 488 
parameters, can support system design as well as provide a measure of equilibrium yield. 489 
 490 
5. Conclusions  491 
 492 
A precipitation modelling approach proposed by Kazadi Mbamba et al. (2015) was validated 493 
with multiple minerals, via dynamic titration experiments with precipitation in synthetic 494 
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wastewater, and via aerated precipitation experiments in real wastewaters. The results showed 495 
that the model was identifiable and performed well at quantitatively describing the (parallel) 496 
precipitation of struvite, and calcium carbonate and calcium phosphate minerals. Minerals 497 
could be broadly classed on the basis of kinetic rate coefficient as either rapidly 498 
forming/strongly competing (kcryst>5 h-1), moderately forming (kcryst >1 h-1), and slow forming 499 
(kcryst <0.5 h-1). Since the precipitation model equation set is kinetic-based, it can be readily 500 
integrated with biological reactions (e.g. ASM2d and ADM1) in plant-wide models used 501 
across the wastewater sector.  502 
 503 
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 633 
Fig. 1 – Experimental data and model fits for Experiment 1 with titration tests on 634 
synthetic wastewater, expected to precipitate out struvite, dicalcium phosphate dihydrate 635 
(DCPD), amorphous calcium phosphate (ACP) and octacalcium phosphate (OCP). The 636 
lines show simulation results using the optimum parameter values listed in Table 3. 637 
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 639 
Fig. 2 – Confidence regions at the 95% confidence limit for kinetic parameters 640 
determined from model fits of data from Experiment 1 – Titration with synthetic 641 
wastewater. The confidence region is presented as a three-dimensional volume (A) and as 642 
two-dimensional projections on three different X-Y planes (B, C, D), with fitted kinetics 643 
for the minerals struvite (Struv), octacalcium phosphate (OCP) and dicalcium 644 
phosphate dihydrate (DCPD). The large dots are the optimum values listed in Table 3. 645 
 646 
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 647 
 648 
Fig. 3 – Experimental data and modelling fits for Experiment 2 with aeration tests on 649 
piggery digestate. The lines show the simulaton results using the optimum kinetic 650 
parameter values listed in Table 3. An in-lay (G) presents confidence regions at the 95% 651 
confidence limit for fitted kinetic parameters of the minerals struvite (Struv) and 652 
calcium carbonate (monohydrate) (CCM). 653 
 654 
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 655 
Fig. 4 – Representative experimental and modelling data for the precipitation 656 
Experiment 3 - aeration tests with sludge digestate. The symbols and the solid lines 657 
represent the experimental and simulation results, respectively. The simulation used the 658 
optimum parameter values listed in Table 3. An in-lay (G) presents confidence regions 659 
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
29 
 
at the 95% confidence limit for fitted kinetic parameters of the minerals struvite (Struv) 660 
and amorphous calcium phosphate (ACP). 661 
 662 
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 677 
 678 
Fig. 5 - Data from three aeration tests with sludge digestate under three different initial 679 
TSS concentrations 1118 gTSS.m-3 (*), 4002 gTSS.m-3 (o), 10959 gTSS.m-3 (∆) gave 680 
kStruvite = 33.1±13.1 h-1 and kDCPD = 53.1±13.7 h-1.  681 
 682 
 683 
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Table 1 Stoichiometric matrix format showing kinetic rate equations and equilibrium constants for the precipitation/dissolution processes 
Precipitation 
processes 
Stoichiometry 
Rate equations 
 
ST USVT WXYT Z[YT W\]YK ^\V]K Equilibrium constants 
Amorphous 
calcium 
phosphate (ACP)   
+/-3 
  
+/-2 _`R × _`R ab
bcde`f		"
1 × eRg!%&"h=Ei5j k
0 P2 − 1
lm
mn
h
 
o=G,_`R=25.46 a 
Calcium 
carbonate 
monohydrate 
(CCM) 
  
+/-1 
 
+/-1 
 
55p × 55p qe`f		 ×	e`g%&=Gr`Rr /
0 h2 − 1s
h
 
o=G,``t=7.144 a 
Dicalcium 
phosphate hydrate 
(DCPD)  
+/-1  +/-1   +/-1 u5ju × u5ju qe`f		 ×	e> ×	eRg!%&=Gr`Rr /
0 12 − 1s
h
 
o=G,r`Rr=18.99 a 
Octacalcium 
phosphate (OCP)  +/-1  +/-4   +/-3 g`R × g`R ab
bcde>		 × e`f		"
v × eRg!%&"1=E65j k
0 w2 − 1
lm
mn
h
 
o=G,g`R=47.95 a 
Struvite  
 
+/-1 
 
+/-1 
 
+/-1 xyz × xyz qet{		 × eH>! × eRg!%&=Gxyz /
0 12 − 1s
1
 
o=G,xyz=13.26 b 
kStruv,kDCPD, kACP, kCCM and  kOCP are the empirical kinetic rate coefficients (min-1) for Struvite, DCPD, ACP, CCM and OCP, respectively. XStruv, XDCPD, XACP, XCCM and XOCP 
are the concentrations (moles/L) of Struvite, DCPD, ACP, CCM and OCP, respectively. KspStruv, KspDCPD, KspACP, KspCCM, and KspOCP are the solubility constants for Struvite, 
DCPD, ACP and OCP, respectively. S(Mg+2), S(NH4+), S(PO4-3), S(Ca+2), S(CO3-2) and S(H+) are the chemical activities of magnesium, ammonium, phosphate, calcium, carbonate 
and hydrogen ions, respectively, in the aqueous phase.   
a Visual MINTEQ (Version 3.0, Royal Institute of Technology (KTH)) 
b (Ohlinger et al. 1998) 
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 685 
 686 
 687 
 688 
Table 2 – Wastewater matrix characteristics 
Parameter Synthetic 
wastewater 
Piggery 
digestate a 
Sludge 
digestate b 
Sludge digestatec  
TS1 TS2 TS3 
Ammonia ( gNH4-N.m-3) 423 983 1010 839 870 863 
Calcium ( g.m-3) 95 207 107 86 87 86 
Chloride
 
( g.m-3) 1815 1797 742    
Iron ( g.m-3) 0 0.64 1.1    
Magnesium ( g.m-3) 120 126 49 44 53 43 
Phosphorus ( gPO4-P.m-3) 479 96 84 89 99 82 
Potassium ( g.m-3) 0 989 164 126 129 129 
Sodium ( g.m-3) 336 712 481 400 411 410 
Sulphate ( g.m-3) 0 0.07 7.3    
Sulphide ( g.m-3) 0 0.08 0.11    
Total dissolved inorganic 
carbon (g.m-3)  
0 1150 945 815 793 815 
Total suspended solid 
(gTSS.m-3) 
   1118 4002 10959 
pH (standard) 2.5 7.3 7.4 7.3 7.3 7.2 
a 
 Piggery digestate – the analysis was carried out on supernatant after addition of phosphate 
b
 Sludge digestate – the analysis was carried out on the supernatant  
c
 Sludge digestate – the analysis was carried out on three samples with different TSS 
concentrations 
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Table 3 - Estimated optimum values for the kinetic coefficients in each of the three precipitation 
experiments, given with ± linear estimates of 95% confidence intervals estimated using two tailed t-
student tests. 
Kinetic coefficients  
Experiments 
1–Titration in 
synthetic wastewater 
2 – Aeration in 
piggery digestate 
3 – Aeration in 
sludge digestate 
4 – Aeration in 
sludge digestate 
kStruv  3.2±1.0 12±10 4.49±1.3 33±13 
kCCM  
 
0.36±0.03 <0.2  
kACP    3.15± 1  
kOCP  0.76±0.69 
 
  
kDCPD  1.63±0.49   53±14 
kLa (CO2)  5.5±0.5 5.5* 0.35* 
kLa (NH3)  0.003* 0.003± 0.0013  
kStruv, kCCM, kDCPD, kACP and  kOCP are the empirical kinetic rate coefficients (h-1) for struvite, calcium 
carbonate monohydrate (CCM), dihydrate dicalcium phosphate (DCPD), amorphous calcium phosphate 
(ACP)  and octacalcium phosphate (OCP), respectively.  
kLa (CO2) and kLa (NH3) are the the overall film mass transfer coefficients (h-1) for CO2 and NH3, 
respectively. 
*
 Assumed value 
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• A systematic model approach for multiple precipitation reactions has been validated. 
• This model was applied for identification of relevant precipitates in wastewater.  
• The model described well the dynamics of competition among relevant minerals. 
• Based on rates, minerals can be classified as rapidly, moderately and slow forming. 
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Model validation/prediction capabilty 
The following experiments were performed to test the model prediction capability using a 
parameter set derived on a previous data set (See manuscript) to predict performance in a new 
data set from a repeat experiment. The parameter values that were used are listed in Table 3 
of the manuscript. The experiments carried out for this analysis were as follows: 
• Experiment 5: this experiment was essentially a repeat of Experiment 1, but without 
struvite seed material added.  
• Experiment 6: this experiment was essentially a repeat of Experiment 2 but without 
PO4 added.  
• Experiment 7:  this experiment was a repeat of Experiment 3. 
The results are shown in Figures S1, S2 and S3. In general, the parameter values estimated 
from a different data set performed reasonably well at describing the data from the repeat 
experiments. Prediction of pH and dynamic state variables appeared to be qualitatively 
reasonable. The only instance of poor prediction appeared to be TIC in experiment 7, which 
was probably due to a difference between the experiments in terms of gas transfer of CO2.  
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Experiment 5: Predictive performance of model with synthetic wastewater and titration 
 
 
Fig. S1 – Experimental data vs. model prediction for Experiment 5 with pH titration of 
synthetic wastewater with sodium hydroxide, and simulation using the optimum kinetic 
parameters derived from a different experiment (Experiment 1, Table 3). The symbols and 
the solid lines represent the experimental and simulation results, respectively. 
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Experiment 6: Predictive performance of model with piggery digestate and aeration 
 
Fig. S2 – Experimental data vs. model prediction for Experiment 6 with aeration of piggery 
digestate and simulation using the optimum kinetic parameters derived from a different 
experiment (Experiment 2, Table 3). The symbols and the solid lines represent the 
experimental and simulation results, respectively. 
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Experiment 7: Predictive performance of model with sludge digestate and aeration 
 
 
Fig. S3 – Experimental data vs. model prediction for Experiment 7 with aeration of sludge 
digestate and simulation using the optimum kinetic parameters derived from a different 
experiment (Experiment 3, Table 3). The symbols and the solid lines represent the 
experimental and simulation results, respectively.  
 
